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In the course of sample preparation for Next Generation Sequencing (NGS), DNA is fragmented 
by various methods. Fragmentation shows a persistent bias with regard to the cleavage rates of 
various dinucleotides. With the exception of CpG dinucleotides the previously described biases 
were consistent with results of the DNA cleavage in solution. Here we computed cleavage rates of 
all dinucleotides including the methylated CpG and unmethylated CpG dinucleotides using data of 
the Whole Genome Sequencing datasets of the 1000 Genomes project. We found that the cleavage 
rate of CpG is significantly higher for the methylated CpG dinucleotides. Using this information, we 
developed a classifier for distinguishing cancer and healthy tissues based on their CpG islands statuses 
of the fragmentation. A simple Support Vector Machine classifier based on this algorithm shows an 
accuracy of 84%. The proposed method allows the detection of epigenetic markers purely based 
on mechanochemical DNA fragmentation, which can be detected by a simple analysis of the NGS 
sequencing data.
DNA methylation level of CpG islands, genomic sequences with a high occurrence of methylated CpG dinucleo-
tides, is an important regulator of gene expression. The level of gene expression can increase or decrease, depend-
ing on the methylation level in the CpG sites inside a CpG island. Analysis of methylation levels in regulatory 
regions of various genes can provide information on their involvement in the development of various diseases, 
including cancer.
Previously we showed that sonication of restriction DNA fragments leads to sugar-phosphate backbone 
breaks, which depend on the nucleotide sequence. Breaks in CpG dinucleotides occur about 1.5 times more often 
than in other dinucleotides1. Then we analyzed the genomic reads from Next-Generation Sequencing (NGS) data 
and showed that fragmentation methods based on the action of the hydrodynamic forces on DNA produces a 
similar bias in the cleavage rates2 (relative frequencies of dinucleotide breaks denoted here as a cleavage rates). 
The only discrepancy is in the cleavage rate of CpG dinucleotides. We assume that this result can be explained 
by methylation of cytosines2. Recently it was shown that in the honeybee genome methylated CpG dinucleotides 
break more frequently than unmethylated ones3.
In this work the cleavage rates for methylated and unmethylated CpG dinucleotides of human genome were 
estimated. We found that the cleavage rate for methylated CpG dinucleotides is about 1.5 times higher than that 
for unmethylated ones. On the basis on this observation one can estimate the CpG methylation level in CpG 
islands without any experimental data on DNA methylation. Further, we show that tumor and healthy tissues 
differ significantly in the methylation status of CpG islands. In human somatic cells approximately 80% of CpG 
dinucleotides are methylated. Bisulfite sequencing was the first method for detection of cytosine methylation4 (see 
also5,6). However, sample preparation for bisulfite sequencing and subsequent data processing is overly expensive 
of time. On the basis of our results, the criterion can be developed, by which the NGS data can be used for defin-
ing the total level of the CpG methylation in the given cell type without any additional experiments.
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Results
We randomly selected 100 whole genome sequencing datasets from the 1000 Genomes project that contained 
reads mapped on a reference genome (GRCh37). According to7, these samples were prepared by Covaris ultra-
sonic DNA shearing. On the basis of the bisulfite-sequencing data obtained from NGSmethDB8, we identified the 
methylation status for all CpG dinucleotides in lymphoblastoid cell line. We filtered only those CpG dinucleotides 
that were reliably classified as methylated or not (see Methods). On the basis of 5'-read coordinates of each read 
in each dataset, cleavage rates for all dinucleotides were computed in the following way:
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where X,Y = {A, T, G, CU (unmethylated cytosine), CM (methylated cytosine)}; n(XY) is an overall number of 
reads in the dataset with the 5′-end nucleotide, in which X precedes Y in the reference genome; N is an overall 
number of reads; p(XY) is an average fraction of XY dinucleotides in the genome fragment of length 200 bp 
around read start (i) position2. Besides, we computed the average cleavage rates of methylated and unmethylated 
CpG dinucleotides separately (see Supplementary Tables 3 and 4). As a result, r(XY) values, where XY denotes 16 
common dinucleotides + methylated CpGs (CMG) and unmethylated CpGs (CUG), were calculated on the bases 
of 100 randomly selected datasets (Fig. 1).
The results of the ANOVA, Kruskal-Wallis test analysis suggest that the effect of the dinucleotide type on the 
relative frequency of its ultrasonic cleavage is statistically significant at the level p <α = 0.05 (see Supplementary 
Table 4). The results of the multiple comparisons, Duncantest and Kruskal-Wallis test, are shown in the Tables 
(see Supplementary Tables 2 and 3). The sample means in the Table 2 Suppl. are combined into subsets so that the 
means from different subsets (columns 1, 2, 7, 8, 9, 10) differ statistically significantly at the p < 0.05. Therefore 
the mean of r(CMG) is the largest of all three values.
According to9, tumor cells have a very specific landscape of methylation, especially in apoptosis-related genes. 
It is noteworthy that CpG methylation is a stochastic process; therefore, only an average methylation of CpG 
islands matters, not a single dinucleotide status10. We can compute the cleavage rates in each CpG island sepa-
rately and predict if CpG island is hypo- or hypermethylated. Comparison of the CpG methylation levels in CpG 
islands of specific genes may allow one to distinguish between healthy and cancerous tissues.
We intended to develop an approach that will make it possible to distinguish tumor tissue samples from nor-
mal ones by the dinucleotide cleavage characteristics. Our approach is based on the observation that methylated 
CpG islands have higher cleavage rates. Namely, the reads with the 5'-end nucleotide G preceded by C in genomic 
sequence will occur more frequently if C is methylated. For practical evaluation of this method, the data from EGA 
datasets was used (24 datasets of T-cell lymphoma, 15 high-coverage datasets of prostate cancer, big dataset (> 300 
samples) of breast cancer, 24 datasets of hepatocarcinoma, and 37 datasets of medulloblastoma (average coverage ~ 
40×) from ICGC database, as well as control datasets of healthy tissues). We selected a subset of EGA T-cell datasets 
with a good coverage (> 40×). Our approach allows the prediction of the difference between methylation statuses 
of CpG islands in healthy and tumor tissues. Figure 2 shows the CpG islands with the biggest absolute difference in 
their mean cleavage levels. In almost all cases we observed demethylation effect in the CpG islands of tumor tissues 
with one exception: the CpG island with coordinates chr13:-25,212,380–25,212,623, which could be associated with 
promoter region of the pseudogene TNFRSF1A. This gene is a well known oncogene involved in tumorogenesis11. 
We suggest that the unmethylated CpG island in the promoter region could lead to expression of the pseudogene 
thus promoting oncogenesis; however we have not validated this mechanism experimentally.
Figure 1. Average cleavage rates r(XY) of 18 dinucleotides (namely, 16 common dinucleotides along with 
methylated CpGs (CMG) and unmethylated CpGs (CUG)). Cleavage rates are plotted on Y axis, dinucleotides 
are listed on X axis. CpG methylation results in a substantial increase of the cleavage rates in comparison with 
unmethylated CpGs and other dinucleotides.
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The detection of the cancer-specific methylation of particular CpG islands is a complicated task even in the 
presence of qualitative results of bisulfite-sequencing experiments. Therefore, for effective prediction of disease 
status from dinucleotide cleavage rates we employed some machine learning algorithms. At first, for each CpG 
island in each dataset (control and tumor) we computed an average CpG dinucleotide cleavage rate and turned 
every set into high dimension vector. Each element of this vector is an average CpG dinucleotide cleavage rate in 
a specific CpG island. These vectors were used for training of binary classifier on the basis of the support vector 
machine (SVM) method with linear kernel. This SVM classifier was used to predict the state of specific sample 
(cancer or normal). For training we used the same number of control and tumor datasets for each cancer type. In 
our research we applied SVM realization in e1071 package12 of R programming language. Corresponding script 
for samples classification based on cleavage rates of CpG islands and computation results are available on the 
GitHub page: https://github.com/LeonidU/DNA-Segmentation.
To control the accuracy of this algorithm, the jack-knife method was used. On each round of jack-knife we 
excluded random subset for each cancer type and trained the model on the remaining sets. Each subset contained 
an equal number of control and tumor sets. Then we made a prediction on the excluded subsets and computed 
true and false positive rates (Table 1).
Our predictions were comparable with bisulfite sequencing based classifiers in the accuracy of prediction. The 
accuracy of the sample status prediction in13 was ~84–85%, which is comparable with our results.
Discussion
We analyzed raw WGS data and found that cytosine methylation strongly affects the cleavage rate of CpG dinucle-
otides in the human genome. This fact agrees with recent observations of another group3. In all studied datasets 
from 1000 Genomes project the cleavage rate of methylated CpG dinucleotides was higher than the cleavage rate 
of other dinucleotides including unmethylated CpGs1,2. This observation was then used as a basis of the method 
that allows one to predict changes in the gene promoter epigenetics associated with cancer.
Using our method, one can estimate the total level of the whole-genome base methylation and compare the 
methylation degree in different genomic regions with similar functions at different stages of the organism develop-
ment. The inferred correlation between the probability of mechanochemical cleavage of the DNA sugar-phosphate 
backbone and local nucleotide sequence enabled us to find an important connection between structural parameters 
of specific nucleotide sequences of DNA and their biological functions. Moreover, it should be possible to conduct a 
comparative analysis of methylation profiles for cells during differentiation and during aging by estimating the total 
Figure 2. Colormaps for the CpG islands with highest difference of cleavage rates between normal and tumor 
tissues in meduloblastoma. X axis corresponds to samples, and Y axis, to CpG islands with their coordinates in 
the genome. The intensity of the color scale corresponds to the mean cleavage rate for CpG in every CpG island, 
which was calculated according to (1).

















Breast Cancer EGAD00001000126 79 60 21 40
Meduloblastoma EGAD00001000816 76 96 24 4
T-Cell Lymphoma EGAD00001002738 84 82 16 18
Prostate Cancer EGAD00001000263 70 97 30 3
Hepatocarcinoma EGAD00001001881 87 71 13 29
Table 1. Results for of the prediction of tumor/normal status for different cancer types calculated by the SVM 
model described in the main text. Percentage of positive cases and negative cases are calculated separately.
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DNA methylation level in various cells at least at the resolution of the CpG islands. The main problem for practical 
use of our method is a bad coverage of CpG islands and their heterogeneity in different cancer cells. For example, 
worst results of tumor/control separation were obtained for breast cancer with badly covered samples
On the basis of these results, the method can be developed for detecting the total level of the CpG methylation 
from the raw WGS data without any additional experiments. We hope that the developed method makes it possi-
ble to recognize base modifications in genomes other than methylation of cytosines in CpG dinucleotides14. There 
is a large space for further development of the designed method with regard both to the types of data analyzed 
and to the algorithm. Higher level of coverage of the genome could also increase a resolution of our predictions. 
Segmentation of DNA by sonication or other methods used in NGS provide tremendous amount of data concern-
ing such an unusual mechanical property of DNA as the susceptibility to cleavage. Our approach opens up new 
possibilities for studies of both DNA physics and its relationships with double helix structure and epigenetics15.
Methods
Protocol of data processing. We used the whole genome sequencing samples of human individuals from 
the 1000 Genomes project7. The BAM files with WGS read alignments on a reference genome were downloaded 
from the FTP server of the 1000 Genomes project (ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/phase3/data/). 
SAMtools suit was used to filter reads that only map on a forward strand of all autosomes of the human genome 
(excluding X and Y chromosomes) (samtools view -f 35 -F 4 input.bam {1..22}> filtered.bam)15. We also tested 
whether our filtration criteria affect average cleavage rates: we tested several other scenarios of filtration on 5 
random datasets of the 1000 Genomes project. We checked if filtering out duplicated reads, usage of reads that 
only map on reverse strand, or filtering out the reads that map on CpG islands would affect average cleavage rates. 
The last filtering criteria were used in order to test if an increased cleavage rate of methylated CpG dinucleotides, 
as compared with that of unmethylated CpGs, can be explained by the difference in the CpG dinucleotide distri-
bution in the genome. Most unmethylated CpGs are clustered in CpG islands; however, methylated CpGs can be 
observed both inside and outside the CpG islands. Thus, by filtering out the reads from CpG islands we compared 
the cleavage rates of methylated and unmethylated CpG dinucleotides from the rest of the genome. We found that 
the average dinucleotide cleavage rates do not depend on the filtering strategy, so we assumed that different distri-
bution of methylated and unmethylated CpG dinucleotides in the genome did not affect our results substantially.
GRCh37 was used as a reference genome. To be sure about the type of dinucleotides observed we masked all 
low sequence complexity regions by RepeatMasker16,17. Thse frequency of XY dinucleotides was calculated not 
in the whole genome but in the 200-bp-long genome fragment around the read-start positions. By doing that we 
took into account all the sequence biases associated with read mapping positions18.
We used bisulfite-sequencing data from NGSmethDB database19 for the lymphoblastoid cell line samples 
(https://bioinfo2.ugr.es/NGSmethDB/methylation-maps/) to predict methylation status of cytosine in CpGs 
dinucleotides in the cell line that was used in the 1000 Genome project. We used only those CpG dinucleotides 
that were covered by more than 10 reads in bisulfite-sequencing data. We defined CpG dinucleotide as methylated 
or unmethylated if >90% of reads covering a specific dinucleotide contained CM or CU respectively at a corre-
sponding position. CpG dinucleotides with some intermediate CM/CU ratios were excluded from further analysis.
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